Pediatric acute lung injury, usually because of pneumonia, has a mortality rate of more than 20% and an incidence that rivals that of all childhood cancers combined. CD4
Pneumonia, also known as lower respiratory tract infection (LRTI), 2 ranks as the primary cause of acute lung injury among pediatric populations (1) . Incidence estimates of pediatric acute lung injury in United States-based cohorts approach 13 per 100,000 person-years (2), a rate similar to the incidence of all childhood cancers (3) , with a mortality rate of 22%. Worldwide, LRTI annually claims the lives of over 6 million children younger than 5 years of age, approximately 1 million of whom are neonates (younger than 28 days of age) (4 -6) . Indeed, compared with older children, neonates and prematurely born babies display a particular vulnerability to morbidity and mortality from LRTI. The mechanisms for this age-related susceptibility to poor LRTI outcomes remain unclear, although immature neonatal immune responses may lead to insufficient pathogen clearance and coordination of tissue-protective and reparative processes (7) .
The neonatal respiratory system undergoes numerous dynamic changes after birth, with lung growth and immunological development continuing in the postnatal period (8, 9) . In lymphoid populations, classic experiments demonstrated a failure of neonatal T helper (Th) 1-type immunity to foreign allograft antigens, instead skewing toward Th2-like tolerization (10 -12) . This skewed T-cell function renders neonates with an immature CD4 ϩ T-cell response to bacterial infection with hypofunctional Th1-and Th17-coordinated protection from microbial pathogens (13) . CD4 ϩ regulatory T (Treg) cells, which express the lineage-specifying transcription factor Foxp3, play a central role in providing tissue protection as well as orchestrating resolution and repair from lung inflammation and injury in adult (14 -16) and neonatal (17) Tables S1-S4 . 1 To whom correspondence should be addressed: McGaw Pavilion, Ste.
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cro ARTICLE T-cells (17) . Additionally, experimental data show that CD4 ϩ T-cell subsets increase in the lungs of both neonatal and juvenile mice within 48 h after aspiration of Escherichia coli bacteria (18) . A detailed understanding of the CD4 ϩ T-cell response to LRTI as a function of age among pediatric populations remains unknown.
Coordinated transcriptional programs determine CD4 ϩ T-cell development and responses to a variety of sterile and infectious provocations (19 -21) . Epigenetic phenomena control the expression of key effector molecules and canonical transcription factors in Th1, Th2, Th17, and Treg cells, including Tbx21, Gata3, Rorc, Foxp3, and members of the Ikzf family. DNA methylation, a generally repressive epigenetic mark occurring predominantly at cytosine-phospho-guanine (CpG) residues clustered into CpG islands near transcriptional start sites and gene promoter elements, represents a powerful factor that can determine T-cell skewing and reaction to stimuli (22) . Moreover, locus-and lineage-specific alterations in DNA methylation patterning dynamically occur during neonatal thymic CD4 ϩ T-cell development with important consequences for cell fate decisions (23) (24) (25) . It remains unknown how DNA methylation influences the lung CD4 ϩ T-cell response to LRTI in the very young. In this study, we hypothesized that DNA methylation patterning governs an immature lung CD4 ϩ T-cell transcriptional program in neonatal mice with LRTI. We employed unsupervised genome-scale sequencing approaches and computational analyses in mice to define a core set of differentially methylated gene loci that regulate, at least in part, the immature neonatal lung CD4 ϩ T-cell response to E. coli bacteria, a leading pathogen isolated from human neonates with LRTI (6).
Results

Neonatal mice exhibit increased morbidity and mortality after E. coli lower respiratory tract infection
We first sought to characterize the age-dependent lung injury phenotype following E. coli LRTI. Aspiration of phosphate-buffered saline (PBS) caused no mortality, and both neonatal (3-4 -day-old) and juvenile (11-14 -day-old) mice exposed to PBS gained weight as expected (Fig. 1, A and B) . When aspirated with E. coli, both neonates and juveniles demonstrated extensive lower respiratory tract inflammation at 48 h after aspiration (Fig. 1C) . However, neonates displayed significantly decreased survival after E. coli aspiration compared with juveniles (Fig. 1A) . Percent weight gain 48 h after aspiration was also significantly less in neonates aspirated with E. coli compared with age-matched controls (Fig. 1B) . Although juveniles aspirated with E. coli also had significantly less percent weight gain compared with age-matched controls, it was to a lesser extent than that which occurred in neonates.
Neonatal lung CD4
؉ T-cells display an attenuated transcriptional response to E. coli LRTI Because of previous work demonstrating the hypofunctional lung CD4
ϩ T-cell response to neonatal early LRTI (17, 18) , we performed comprehensive transcriptional profiling with RNASeq on sorted lung CD4 ϩ T-cells from neonates and juveniles exposed to either PBS or E. coli via aspiration 48 h previously. Multiple group testing with a false discovery rate (FDR) q-value Յ 0.05 revealed 3932 differentially expressed genes (DEGs). Principal component analysis showed tight clustering by group assignment, with principal component 1 reflecting the transcriptional response to LRTI and principal component 2 reflecting age (Fig. 2A) . Pearson correlation distance clustering separated the samples by age and LRTI status (Fig. 2B) . Biological replicates clustered together in the final branches of the dendrogram.
We then investigated differences between groups with k-means clustering of DEGs. Based on review of the associated elbow plot (Fig. S1A) , we selected k ϭ 4 (Fig. 2C) . K-means cluster 1 contained genes down-regulated only among E. coliexposed juveniles with gene ontology (GO) processes reflecting protein localization and nucleic acid metabolic processes ( DNA methylation regulates neonatal pneumonia 2D). Immunity-based processes dominated cluster 2 with both ages up-regulating genes in response to E. coli LRTI, albeit more robustly among juveniles. GO processes associated with cluster 3 involved cell proliferation events. PBS-exposed neonates but not juveniles up-regulated cluster 3 (proliferation) genes, whereas both ages up-regulated these genes after E. coli LRTI. Cluster 4 genes (reflecting immunity-based processes similar to cluster 2) were down-regulated among neonates irrespective of LRTI, modestly up-regulated among PBS-exposed juveniles, and strongly up-regulated by E. coli-exposed juveniles. A tab-delimited file (Table S1 ) details expression and statistical values for the genes shown in Fig. 2C .
Pairwise comparisons revealed up-regulation of key CD4 ϩ T-cell genes, mostly restricted to juveniles, upon exposure to E. coli (Fig. 3, A-D) . Few key CD4 ϩ T-cell genes were differentially expressed comparing juveniles and neonates both exposed to PBS (Fig. 3A) , suggesting different epigenetic states that permit rapid induction of T-cell programs upon E. coli exposure in juveniles only. Indeed, compared with PBS aspiration, E. coli-exposed juveniles up-regulated important Th1 cell genes (including Tbx21, Stat1, and Ifng), Th17 cell genes (including Il17a and Rorc), and Treg cell genes (including Foxp3, Il2ra, Ctla4, Il10, Areg, Pdcd1, and Ikzf4) (Fig. 3B) . Other important regulators, including Ahr, Hif1a, Uhrf1, and Itgae, were also up-regulated in juveniles with E. coli LRTI. In contrast, the expression level of many key CD4 ϩ T-cell genes did not achieve a statistically significant difference when comparing neonates exposed to E. coli versus PBS (Fig. 3C ). For the comparison of juveniles and neonates both exposed to E. coli, juveniles up-regulated key CD4 ϩ T-cell genes over neonates (Fig. 3D ). Expression analysis of selected CD4 ϩ T-cell response genes demonstrated a dynamic range across the data set (Fig. 3E) . 
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These unsupervised approaches suggested a set of immunityrelated genes that was peculiar to juveniles, so we explored the uniqueness of this gene set (Fig. 4, A and B) . Although both ages up-regulated a core set of 199 immunity-based genes, juveniles uniquely up-regulated 1634 immunity-based genes following exposure to E. coli (Fig. 4A) . Juveniles also uniquely down-regulated 1307 genes in response to E. coli (Fig. 4B) , mostly reflecting GO processes similar to cluster 1 from the k-means analysis (Fig. 2C) . Neither overlap achieved statistical significance beyond that expected by chance, emphasizing the uniqueness of each age's transcriptional program. Collectively, neonatal lung CD4
ϩ T-cells displayed a restricted transcriptional response to E. coli LRTI, continuing cellular maintenance and proliferation processes rather than executing immune effector and tissue-protective programs.
Differentially methylated CpGs cluster in regions important for transcriptional control
We performed DNA methylation profiling with modified reduced representation bisulfite sequencing (mRRBS) to define 
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the CpG methylation landscape underlying the attenuated neonatal lung CD4 ϩ T-cell transcriptional response to E. coli LRTI. The dispersion shrinkage for sequencing (DSS) modeling procedure (26) , employing a general experimental design analysis with an FDR q-value Յ 0.05, found 44,119 differentially methylated CpGs (DMCs). Principal component analysis revealed clustering by group assignment and the response to E. coli moving along a different principal component for each age (Fig. 5A) . DMCs clustered by group assignment (Fig. 5B) . We then examined distance from genomic elements that are biologically sensitive to transcriptional control by DNA methylation: Transcriptional start sites (TSSs) and CpG islands (CpGis). Compared with non-DMCs, DMCs preferentially clustered near TSSs (Fig. 5C ) and CpGis ( Fig. 5D ), suggesting that differential CpG methylation impacts transcription across groups. To determine the directionality of that impact, we next performed an association analysis between tertiles of gene expression and the average CpG methylation of related promoter regions. This analysis demonstrated a statistically significant inverse correlation between gene expression and promoter CpG methylation across the data set (Fig. 5E ). DMCs displayed a genome-wide distribution, and DMCs within 2 kbp of differentially expressed gene bodies (inclusive) showed a similar distribution (Fig. 5F ). Venn diagram analysis with hypergeometric testing identified 2082 candidate gene loci that displayed both differential methylation (i.e. genes that contained a DMC within 2 kbp of their gene body (inclusive)) and differential expression (Fig.  5G) . Altogether, transcriptional and DNA methylation profiling revealed a strong anticorrelation between gene expression and promoter methylation across the four groups.
A DNA methylation difference-filtering algorithm reveals a core set of regulated genes K-means clustering of gene expression values for the 2082 candidate gene loci that were both differentially methylated and expressed (Fig. 6A) resembled the k-means cluster structure for the total pool of DEGs (Fig. 2C ). Fig. S1B shows the associated elbow plot, suggesting k ϭ 4, and a tab-delimited file (Table S2 ) details expression and statistical values for the genes shown in Fig. 6A . We then performed DNA methylation differ- 
ence filtering to identify gene loci with a high likelihood of differential methylation regulating expression. Informed by the inverse correlation between expression and promoter methylation (Fig. 5E ), we selected for promoter CpGs with a methylation directionality (hypermethylated or hypomethylated) inverse to the corresponding gene expression directionality (down-or up-regulated) between groups. We applied this algorithm to each k-means cluster and obtained a pattern of promoter CpG methylation opposite to the gene expression pattern for each k-means cluster (Fig. 6B) . One thousand three hundred fifty-one promoters did not contain any CpGs passing the filter, leaving 731 gene loci across all four k-means clusters. Heat maps of average gene expression (Fig. 6C ) and promoter CpG methylation (Fig. 6D ) mirrored one another for the 731 gene loci passing the filter. Moreover, the data structure persisted when examining all (unfiltered) promoter CpGs (Fig. 6E) . This largely unsupervised approach suggested high confidence in DNA methylation as a regulatory phenomenon for these gene loci, which contained critical CD4 ϩ T-cell control genes including Bach2, Satb1, Tet1, Notch1, Tbx21, Ikzf4, Uhrf1, Rora, and Itgae. Homology mapping of these 731 gene loci demonstrated a substantial number of human homologues; the complete list is contained in a tab-delimited file (Table S3) .
Disruption of DNA methylation produces lung CD4 ؉ T-cell plasticity
We sought to support the notion that DNA methylation regulates cell phenotype in the pediatric E. coli LRTI model and measured the effect of pharmacologic disruption of DNA methylation on lung CD4 ϩ T-cell markers. Administration of the DNA methyltransferase inhibitor decitabine (DAC) (14) for three daily doses starting 24 h after low-dose (sublethal) E. coli or PBS aspiration led to changes in lung CD4
ϩ T-cell phenotype that were more pronounced in neonates compared with juveniles. In neonates, dimensionality reduction using t-distributed stochastic neighbor embedding (tSNE) on the flow- 
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cytometric cellular marker profile revealed differences associated with E. coli LRTI that were further modified by DAC administration (Fig. 7, A and B) . Juveniles, in contrast, exhibited less tSNE clustering by group assignment, suggesting a weaker effect of DAC on their lung CD4 ϩ T-cell phenotype. We observed the most robust differences associated with DAC among the Foxp3 ϩ subset in both age groups (Fig. 7C ), although juveniles exhibited smaller differences than neonates. The directionality of these differences was unexpected, with DAC administration causing decreased activation marker expression, Foxp3 expression, and expression of other Treg cell markers. Notably, DAC administration led to decreased proliferation (Ki-67 expression) among all populations. Taken together, the DAC administration experiments underscored the concept that DNA methylation regulates the lung CD4 ϩ T-cell response to LRTI in neonates.
Discussion
Neonatal LRTI reflects a complex system in which lung CD4 ϩ T-cells are tasked with ongoing developmental and proliferative processes in addition to orchestrating the immune response to infection. Our data set provides a multidimensional view of lung CD4 ϩ T-cell maturation and response to infection during the early postnatal period. With E. coli LRTI, neonatal mice experienced poorer outcomes associated with failure of their lung CD4 ϩ T-cells to execute a robust immune transcriptional program. Juveniles, in contrast, vigorously upregulated multiple immune effector and tissue-protective programs while down-regulating maintenance cell functions such as protein localization and nucleic acid metabolism after aspiration with E. coli. DNA methylation profiling revealed a statistically likely role for promoter CpG hypermethylation in limiting the neonatal lung CD4
ϩ T-cell reaction to 
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LRTI, which leads to immature physiology and ultimately poorer outcomes. Genes that were up-regulated with LRTI only among juveniles provide insight into potential mechanisms driving a mature response to LRTI. For example, multiple integrin-encoding genes involved in lymphocyte migration and signaling processes (27) followed this pattern, including Itgae (encoding CD103), Itgb8, and Itgal and Itgb2 (encoding products that combine to form LFA-1). Other examples include the product of Rora, which combines into complexes that have powerful effects on immune effector transcriptional programs (28) , and Nt5e, which encodes the CD73 ecto-enzyme that catalyzes production of tissue-protective adenosine (29) . Importantly, these genes were present among loci with high probability of methylation-regulated transcription in our data set.
The juvenile CD4
ϩ T-cell response to early infection-and inflammation-induced acute lung injury involves coordination of multiple T-cell subsets, including Th1, Th2, Th17, and Treg cells (14, 15, 17, 18, 30) . We elected to isolate bulk unfractionated CD4
ϩ T-cells for our studies to provide a broad view of the CD4 ϩ T-cell transcriptional and epigenetic landscape. Thus, our transcriptional and epigenetic sequencing data represent a combination of changes in cell state and dynamic fluctuations in the proportion of each subset that constitutes the CD4 ϩ T-cell pool. Our experimental design limits the ability to distinguish these possibilities but does permit a comprehensive assessment of DNA methylation alterations underlying the transcriptional programs executed or maintained in the pediatric E. coli LRTI model. Future studies employing single-cell transcriptomic and epigenomic ap- 
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proaches could help further define the heterogeneity displayed in these data (31) .
The failure of neonatal lung CD4 ϩ T-cells to switch from a proliferation and growth program to an immune effector and tissue-protective program suggests an evolutionary pressure to establish tissue-based immunity during a time of ongoing lung growth before poising the system to respond robustly to a pathogen. The signals driving lung tissue-specific CD4 ϩ T-cell development remain largely unknown, but antigen exposure leading to T-cell receptor agonism could induce chromatin changes responsible for the maturation process. T-cell receptor-dependent chromatin state alterations dominate the epigenetic landscape during thymic CD4
ϩ T-cell development (23, 25) ; similar processes may continue to establish tissue-specific immunity (32) . Differing metabolic requirements and profiles could also contribute to the maturation phenotype with a possible mechanistic link to differential CpG methylation patterns (33) .
Our experiments with the DNA methyltransferase inhibitor decitabine produced surprising results. Neonates (and to a lesser extent juveniles) displayed a hypoproliferative CD4 ϩ T-cell phenotype in response to decitabine, which stands in contrast to observations of lipopolysaccharide-and influenzainduced acute lung injury in adult (8 -10 -week-old) mice (14) . These findings highlight the importance of epigenetic programming in the neonatal and juvenile proliferative phenotypes and evokes proliferation machinery as a potential determinant of overall neonatal lung CD4 ϩ T-cell phenotype. It is possible that decitabine-induced derepression of cellular proliferation inhibitors such as Cdkn1a contributed to our findings (24) . Notably, Cdkn1a was one of the 731 loci with a high likelihood of methylation-regulated transcription in our data set. Decitabine's hypoproliferative effects at higher doses may also involve a TET-dependent demethylation mechanism (34) . Regardless, the DNA methyltransferase inhibitor experimental data underscore the powerful effects of DNA methylation on T-cell phenotype both during postnatal lung development as well as during E. coli LRTI. The blunted response to DAC among juveniles compared with neonates supports the hypothesis that DNA methylation regulates the neonatal lung CD4 ϩ T-cell response to LRTI. These results also suggest caution in using broad disruptors of DNA methylation as disease therapy among the very young.
A modification to the classic RRBS protocol (35) permitted streamlined, single nucleotide-resolution, genome-scale CpG methylation analysis using low-input samples. Our mRRBS protocol utilized size selection of MspI-digested genomic DNA fragments prior to bisulfite conversion and library preparation. Following a demultiplexing, alignment, and methylation extraction pipeline, we elected to employ the DSS procedure for comparative statistics (26) . Unlike the commonly used Fisher's exact test, the DSS procedure permitted Bayesian hierarchical modeling, taking into account CpG site-specific dispersions and depth of coverage with high-fidelity type I error control (36) . When combined with differential gene expression data using a methylation difference-filtering algorithm, our analysis yielded high correlative confidence in identification of loci likely to exhibit methylation-regulated transcription.
However, causality remains a concern for many studies that explore epigenetic mechanisms, including ours. Our data integration study falls into the "inferred function" hierarchical level described in a recent review of functional epigenomics (37) . The sequencing and computational approaches used in our study support the hypothesis that DNA methylation regulates an immature transcriptional program in neonates with LRTI but can only provide statistically strong associative, not causal, evidence. Future studies exploiting novel CRISPR-based DNA methylation-editing systems could elucidate causal proof of these associations (38) .
Altogether, unsupervised parallel transcriptional and DNA methylation profiling paired with association analysis demonstrated that CpG methylation regulates, at least in part, the failure of neonates to execute a mature transcriptional program in response to E. coli LRTI. The juvenile transcriptional program, characterized by up-regulation of key T-cell pathway components, associated in a locus-specific manner with differential CpG methylation as a function of both age and reaction to E. coli LRTI. Pharmacologic disruption of DNA methylation with decitabine produced plasticity mostly within the neonatal lung CD4
ϩ T-cell population, highlighting the powerful role epigenetic programming may play in lung CD4
ϩ T-cell maturation and response to infection. These studies open up new avenues to consider the lymphocyte epigenetic machinery as mechanistic targets to improve outcomes for pediatric pneumonia.
Experimental procedures
Mice
Timed pregnant C57BL/6NJ mice were obtained from Charles River Laboratories. Adult animals were maintained on an AIN 76A diet and water ad libitum and housed at a temperature range of 20 -23°C under 12-hour light/dark cycles. All pups of both sexes were used in the reported experiments. All experiments were conducted in accordance with the standards established by the United States Animal Welfare Act set forth in National Institutes of Health guidelines and the Policy and Procedures Manual of the Johns Hopkins University Animal Care and Use Committee.
Intrapharyngeal aspiration of E. coli
Pups were lightly sedated with isoflurane prior to aspiration with E. coli bacteria (Seattle 1946, serotype O6, ATCC 25922). Neonatal (3-4 -day-old) and juvenile (11-14 -day-old) mice were randomized by cage to receive either PBS alone or E. coli in PBS (2.8 ϫ 10 6 cfu). Forceps were used to gently retract the tongue, liquid was deposited in the pharynx, and aspiration of fluid was directly visualized as previously described (18) . Neonatal mice were aspirated with 10 l of fluid and juvenile mice received 15 l of fluid. Blinded assessment was not possible because of obvious size and health differences between groups.
Quantitative microbiology of E. coli bacteria E. coli was streaked on an LB agar plate and grown overnight at 37°C. Bacteria were transferred to LB medium, agitated at 250 rpm, and incubated at 37°C for 3-4 h. Bacterial growth was determined using optical density (OD) measured at 600 nm. Serial dilutions were performed and plated overnight at 37°C to assess the accuracy of the OD measurement.
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Similar to previous work in adult mice (14) , with a slight modification, neonatal or juvenile mice received three daily intraperitoneal injections of 5-aza-2Ј-deoxycytidine (decitabine, Sigma) 1 mg/kg in 30 l, beginning 24 h after aspiration of 300,000 cfu of E. coli or PBS as described above. Mice were euthanized 72 h after aspiration for flow-cytometric analysis of lung single-cell suspensions.
Processing of mouse lungs
Preparation of lung tissue for histology and processing to create single-cell suspensions were performed as previously reported (14, 17, 30) . Briefly, to create single-cell suspensions, lung was minced in a Petri dish with 1 ml of buffer containing DNase and collagenase I (concentration, 0.001 g DNase and 0.005 g collagenase I in 1 ml RPMI) and incubated at 37°C for 30 min. The lung sample was passed through an 18-gauge needle several times and then through a 70-m cell strainer. PBS was added, and the mixture was spun at 300 ϫ g for 10 min. ACK lysing buffer was added to the pellet, incubated at room temperature for 5 min, and then PBS was added to stop the reaction. The lung sample was filtered, spun at 300 ϫ g for 5 min, and MACS buffer (PBS ϩ 0.5% BSA and 2 mM EDTA) was added.
CD4
؉ T-cell positive selection from mouse lungs CD4-phycoerythrin (PE) conjugated antibody (BD Biosciences) was added to ACK-lysed lung cells. Cells were incubated at 4°C for 10 min, washed with MACS buffer, and spun at 300 ϫ g for 10 min. Cells were resuspended in MACS buffer, and 20 l of anti-PE microbeads (Miltenyi Biotec) per 10 7 cells was added. Cells were then incubated at 4°C for 15 min, washed with MACS buffer, and spun at 300 ϫ g for 10 min. Cells were resuspended in 500 l MACS buffer per 10 8 cells and magnetically separated by placing an MS column (Miltenyi Biotec) in a MACS separator. The column was rinsed with MACS buffer, and the cell suspension was applied to the column. Unlabeled cells were collected and washed with 500 l MACS buffer three times. The column was removed from the separator and placed on a 1.5-ml Eppendorf tube. Sorting medium (PBS ϩ 0.5% BSA, 0.5% fetal bovine serum, 1 mM EDTA, and 25 mM HEPES) was pipetted onto the column, and isolated cells were placed on ice for sorting. Lung CD4 ϩ T-cells were sorted based on characteristic low forward and side scatter and PE ϩ status using a custom BD FACSAria II instrument with FACSDiva software (BD Biosciences). Sorted cells were spun at 5000 ϫ g for 10 min. The supernatant was removed, and the pellet was lysed with 350 l of buffer RLT Plus (Qiagen) supplemented with 1% ␤-mercaptoethanol for 5 min before storage at Ϫ80°C.
Flow cytometry analysis
For the decitabine administration experiments, a lung singlecell suspension was prepared for flow cytometric analysis as previously described (39) and as above. The following antibody conjugates were purchased from BioLegend, eBiosciences, or BD Biosciences: CD103-FITC, CD25-PE, Ki-67-PerCPeFluor710, CD39-PE-Cy7, Foxp3-APC, CD69 -Alexa Fluor 700, CD62L-APCeFluor780, Ctla-4 -BV421, CD44-BV510, and CD4-BUV395. Antibody and cytometer setup details are provided in Table S4 . Acquisition was performed using a custom BD FACSAria II instrument with FACSDiva software (BD Biosciences). Analysis was performed with FlowJo v10.4, including tSNE analysis with the FlowJo tSNE plug-in using a perplexity value of 20.
RNA-Seq
Approximately 50 -200 ng of total RNA was isolated using the AllPrep DNA/RNA Micro Kit or RNeasy Plus Mini Kit (Qiagen), and cDNA was generated with the Nugen Ovation RNA-Seq System V2. Fragmentation was performed on a Covaris S2. Illumina-compatible adapter ligation and indexing was followed by PCR amplification. A high-sensitivity chip on an Agilent Bioanalyzer 2100 was used to measure the size distribution and quality of amplified libraries. Library quantification was performed with the qPCR-based KAPA Library Quantification Kit or by Bioanalyzer. Equimolar concentrations of each library were pooled. Cluster generation and sequencing were performed on an Illumina HiSeq 2500 instrument employing 100 ϫ 100 paired-end sequencing with the TruSeq Rapid PE Cluster Kit and TruSeq Rapid SBS Kit (200 cycles).
CASAVA v1.8.4 was used to convert bcl files to fastq files (default parameters). Rsem v1.2.09 (STAR option) was used for running alignments to the GRCm38/mm10 mouse reference genome using the iGenomes annotation. Counts data for uniquely mapped reads over exons was obtained using SeqMonk v1.38.2 (https://www.bioinformatics.babraham.ac.uk/ projects/seqmonk/) 3 and filtered to protein-coding genes and genes with at least one count per million in at least two samples. Differential gene expression analysis was performed with the edgeR v3.16.5 R/Bioconductor package using R v3.3.1 and v3.4.2 with RStudio v0.98.1103 and v1.1.383.
Modified reduced representation bisulfite sequencing
Genomic DNA, isolated using the AllPrep DNA/RNA Micro Kit (Qiagen), was quantified with a Qubit 3.0 instrument. Approximately 50 -200 ng of genomic DNA was then digested with the restriction endonuclease MspI (New England Biolabs) per the manufacturer's recommendations. Resulting fragments underwent size selection for fragments ϳ100 -250 bp in length using solid phase reversible immobilization (SPRI) beads (MagBio Genomics) and subsequent bisulfite conversion using the EZ DNA Methylation-Lightning Kit (Zymo Research) per the manufacturer's protocol. Bisulfite conversion efficiency averaged 99.4% (S.D. 0.13%) as estimated by the measured percent of unmethylated CpGs in -bacteriophage DNA (New England Biolabs, N3013S) added at a 1:200 mass ratio to each sample. Libraries for Illumina-based sequencing were prepared with the Pico Methyl-Seq Library Prep Kit (Zymo Research) using Illumina TruSeq DNA methylation indices. Libraries were run on a high-sensitivity chip using an Agilent TapeStation 4200 to assess size distribution and overall quality of the amplified libraries. Fluorometric quantification and TapeStation size distribution estimates permitted equimolar pooling, and six pooled libraries per run were sequenced on an Illumina NextSeq 500 instrument using the NextSeq 500/550 V2 High Output reagent kit (1 ϫ 75 cycles).
Indexed samples were demultiplexed to fastq files with bcl2fastq v2.17.1.14. After standard quality filtering, reads were then trimmed of 10 bp from the 5Ј end with Trim Galore! v0.4.3 (http://www.bioinformatics.babraham.ac.uk/projects/trim_ galore/). 3 Sequence alignment to the GRCm38/mm10 reference genome and methylation extraction ignoring one base at the 3Ј end (after reviewing the M-bias plots) were performed with Bismark v0. 16.3 (40) . Bismark coverage (counts) files for cytosines in CpG context were analyzed with respect to differential methylation with the DSS v2.26.0 R/Bioconductor package (26) and quantified using the SeqMonk platform (v1.38.2 and v1.40.1) with the bisulphite feature methylation pipeline. Transcriptional start sites were obtained from the Ensembl Genes 90 database and filtered for those with a Consensus CDS ID. CpG islands were identified from the MGI database. Homology mapping was performed using the biomaRt v2.32.1 R/Bioconductor package and the getLDS function.
Statistical analysis
Indicated sample sizes were chosen to obtain a minimum of 10 6 unique CpGs per biological replicate; observed average Ϯ S.D. CpGs per sample was 2.4 ϫ 10 6 Ϯ 1.0 ϫ 10 6 . Principal component analysis was performed with the prcomp base R statistical function. Pearson correlation distance clustering was generated in SeqMonk. Functional enrichment analysis using gene ontologies (GO biological processes) was conducted using the Molecular Signatures Database (MSigDB) (The Broad Institute) (41) . K-means clustering and heat maps were generated using the Morpheus web interface (https://software.broadinstitute.org/ morpheus/).
3 K was selected using the elbow method. Manhattan plotting was performed with the qqman v0.1.4 R package. Venn diagrams were created with the VennDiagram v1.6.18 R package, and the phyper base R function was used to calculate p-values from hypergeometric testing using a total population size of 11,672 genes. All indicated tests were two-tailed unless otherwise stated. Computational analysis was performed using "Genomics Nodes" on Quest, Northwestern University's HighPerformance Computing Cluster. Specific statistical testing procedures are elaborated in the text and figure legends, performed either in R using packages and functions specified above or in GraphPad Prism v7.04. 
